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Available online 15 June 2013 Many policies in the United States, at both the federal and state levels, encourage the 

- adoption of renewable energy from biomass. Though largely motivated by a desire to reduce 

Keywords: greenhouse gas emissions, these policies do not explicitly identify scenarios in which the 

Life cycle assessment use of biomass will produce the greatest benefits. We have modeled “farm-to-hopper” 

Greenhouse gas emissions emissions associated with seven biomass feedstocks, under a wide variety of scenarios and 

Biomass production choices, to characterize the uncertainty in emissions. We demonstrate that only 

Uncertainty analysis a handful of factors have a significant impact on life cycle emissions: choice of feedstock, 

geographic location, prior land use, and time dynamics. Within a given production scenario, 
the remaining variability in emissions is driven by uncertainty in feedstock yields and the 
release rate of N 2 0 into the atmosphere from nitrogen fertilizers. With few exceptions, 
transport and processing choices have relatively little impact on total emissions. These 
results illustrate the key decisions that will determine the success of biomass programs in 
reducing the emissions profile of energy production, and our publicly available model 
provides a useful tool for identifying the most beneficial production scenarios. While model 
data and results are restricted to biomass production in the contiguous United States, we 
provide qualitative guidance for identifying favorable production scenarios that should be 
applicable in other regions. 

© 2013 Elsevier Ltd. All rights reserved. 


1. Introduction 

The use of biomass for energy production has increasingly 
been encouraged in the United States via tax incentives, loan 
and grant programs, regulatory requirements, and mandates 
(Yacobucci, 2010). A national Renewable Fuel Standard (RFS) 
was first introduced in the Energy Policy Act (EPACT) of 2005 
(Barton, 2005) and expanded by the Energy Independence and 
Security Act (EISA) of 2007 (Blake et al., 2007; United States 
Environmental Protection Agency, 2010a), requiring minimum 


amounts of renewable fuels for transportation. This has 
greatly expanded production of biofuels, especially ethanol 
(United States Environmental Protection Agency, 2010b). 
Additionally, a majority of states and the District of Columbia 
have enacted Renewable Portfolio Standards (RPSs) for 
electricity production in which one or more forms of biomass 
qualify (North Carolina State University et al., 2011). Argu¬ 
ments for expanding the use of biofuels have included 
potential reductions in greenhouse gas (GHG) emissions; 
reductions in oil imports; and local and regional economic 
development. 
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System Boundary: Farm-to-Hopper Emissions 



Total Seed-to-Hopper Emissions 


Total Seed-to-Use Emissions 
Fig. 1 - System boundary of the CUBE model. 


The “farm-to-hopper” emissions associated with a bio¬ 
mass feedstock at a given biomass energy facility location can 
be significant and span three life cycle stages: production, 
including the use of farm equipment and agrochemicals; 
transportation, including loading, unloading and shipping; 
and processing, including drying or sizing. 

We explore the uncertainty in emissions from each of these 
three stages and show that the degree to which GHG benefits are 
realized is highly dependent on what kind of biomass is utilized 
and how it is obtained. Specifically, this paper provides the 
magnitudes and dominant sources of farm-to-hopper GHGs for 
different biomass feedstocks. We present the primary sources 
of uncertainty in emissions estimates and their significance. 
Lastly, we describe how production, processing, and transport 
decisions change these emissions levels. 

Other life cycle inventory (LCI) models explore the first two 
questions for certain feedstocks (Argonne National Labs, 
2008); attention has only more recently been given to 
uncertainty and the impact of scenario choices (Ciroth 
et al„ 2004; Hsu et al„ 2010; McKone et al., 2011; Mullins 
et al., 2010; Plevin et al., 2010), but further work needs to be 
done to assess how best to utilize biomass to maximize GHG 
benefits. This paper identifies and discusses the major 
contributors to a biomass feedstock’s emissions profile, as 
well as the key drivers of uncertainty in the emissions, using 
the framework of model, scenario, and data uncertainties 
(Johnson et al., 2011; Morgan and Henrion, 1990). It is intended 
to illustrate the importance of certain choices, particularly 
feedstock type and production location, and to highlight the 
most important data uncertainties for the scientific, energy- 
production, and policy communities. 


2. Methods 

This study uses the Calculating Uncertainty in Biomass 
Emissions (CUBE) model to estimate GHG emissions of 
biomass feedstocks and the uncertainty in those estimates. 


CUBE is a peer-reviewed, publicly available LCI tool developed 
to estimate biomass feedstock GHG emissions under a wide 
range of scenarios that reflect production decisions; it allows 
users to explore the remaining data variability within a 
scenario or compare estimates across multiple scenarios 
(Curtright et al, 2011). CUBE 1.0 was released in March 2010. 
CUBE 2.0, the basis for this analysis, was released in December 
2011 (details on the model and its documentation are available 
at http://www.rand.or^ise/projects/bioemissions.html). The 
extensive source literature that informs the input data and 
assumptions in CUBE has been fully documented within the 
corresponding modules of the model itself and is therefore not 
exhaustively cited herein. Readers are also referred to the 
CUBE 2.0 documentation and user manual for more details 
about the unit processes, attribution methods, and other 
assumptions included in the model which are not described 
below (Curtright et al., 2011). 

CUBE models seven biomass feedstocks (switchgrass, 
mixed-prairie biomass, corn grain, corn stover, forest residue, 
mill residue, and hybrid poplar). The United States Depart¬ 
ment of Agriculture’s (USDA) ten continental Farm Production 
Regions are the geographic unit of analysis. “Farm-to-hopper” 
emissions are reported under different scenarios of how to 
produce, transport, and process the feedstocks; the system 
boundary of our analysis is shown in Fig. 1. Note that 
“processing” refers to any preparation of the feedstock— 
drying and sizing the biomass by chopping, pelletizing, etc.— 
required to meet the specifications of the conversion facility. It 
excludes the actual conversion of biomass to biofuels or 
electricity. Since a primary goal of this paper is to identify the 
most important choices to make when sourcing biomass with 
an eye toward reducing GHG emissions, we focus solely on the 
emissions associated with cultivation and preparation of 
biomass as an input for energy production but remain agnostic 
to the final use of the feedstock. 

Ortiz et al. (2011) interviewed individuals at 11 separate 
facilities in the United States using or planning to use biomass 
for electricity production and found that they purchase 
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feedstocks by mass or by volume (e.g., by truckload) rather 
than according to their energy content. Utilization of the fuel 
was planned entirely based on receiving and handling 
considerations. As such, we report results in terms of metric 
tons of C0 2 equivalents per dry metric ton of biomass, rather 
than emissions per energy content of a final fuel. This is also 
consistent with what farmers would take into consideration if 
future policies impose any costs associated with the net GHG 
emissions of their business. In later discussion, however, we 
qualitatively discuss the impact of performing this analysis on 
an energy basis. 

As illustrated in Fig. 1, CUBE’S system boundary represents 
a hybrid approach to LCI that includes attribution of direct 
emissions from unit processes such as fertilizer application 
and transportation, but also includes some consequential 
emissions such as direct land use change. Emissions associ¬ 
ated with indirect land use change are excluded in the CUBE 
model; this omission is raised later in more detail, along with a 
qualitative discussion of its potential impacts under different 
production scenarios. 

Data uncertainty in CUBE can be represented stochastically 
using probability distributions, or using boundary analysis to 
produce point estimates from combinations of minimum, 
maximum, or most likely values for data parameters. 

In this analysis, estimates are limited to production of 
50,000 dry metric tons of biomass per year; local production 
that does not require long-haul transport is therefore 
plausible(Ortiz et al., 2011). When sourcing larger quantities 
of biomass from a larger geographic region under the same 
basic assumptions, an energy producer would likely consider 
alternate modes of transport (e.g., rail or barge) or different 
pre-transport processing (e.g., densification or torrefaction). 
However, differences in emissions resulting from alternate 
transportation and processing modes are not explored 
extensively in this analysis, as they are generally small 
compared to production emissions. 

Except where otherwise indicated, model results presented 
herein represent a “base case” scenario that assumes produc¬ 
tion of the various feedstocks on land formerly used for 
agricultural production (i.e., the baseline ecosystem is “Row 
Crops”) in the USDA Cornbelt region. Results for the forest and 
mill residue feedstocks are excluded from most of this analysis. 

Emissions are initially examined in years two through five 
following land-use conversion. In the first year of production, 
feedstocks bear a one-time burden for any emissions 
associated with clearing above-ground biomass; these emis¬ 
sions can be quite large and are discussed later. Average 
annual emissions, over a longer time horizon of thirty years, 
are also considered. This incorporates the initial cost of above¬ 
ground clearing and is more representative of the emissions 
associated with a long-term biomass production program. 

We assume 15% of land is used for cultivating biomass crops 
and that the moisture content of the feedstock is required to be 
10% or less in order to meet the specifications of the energy 
conversion facility. Other parameters not explicitly mentioned 
use the mean/most likely values or default CUBE settings. 

Allocation modeling choices can have a large impact on net 
emissions. In CUBE, this applies primarily to emissions 
allocated between corn grain and corn stover. CUBE defaults 
to assigning baseline emissions to corn grain, treating stover 


as a residue that is only allocated the marginal emissions 
associated with its collection. As discussed later, these 
marginal emissions can be significant nonetheless. The model 
can also allocate the total emissions associated with co¬ 
production of grain and stover based on the relative masses of 
each co-product. 

Net increases in GHG emissions are presented as positive 
values; negative values represent net sequestration of carbon. 

2.1. Screening for significance and exploration of 
dominant uncertainties 

To identify uncertainties that significantly influence emis¬ 
sions, we performed a screening analysis spanning all 
scenario and data uncertainties modeled in CUBE. To do this, 
we varied each scenario choice over its possible values and 
each variable parameter over its plausible range, deviating 
from the base case independently of other changes to find the 
general effect on emissions of each variable in isolation. We 
define an impact as significant in a particular scenario if the 
resulting range in emissions is 1% or greater of the total 
emissions with the variable at its nominal value. 

The screening revealed that location-based choices, 
namely geographic production region and prior land use, 
dominate uncertainty due to the wide range in GHG emissions 
associated with direct land-use changes. We selected a 
baseline for each feedstock that minimizes direct land-use 
change impacts when screening for the importance of other 
factors. We performed a full screening of other parameters for 
switchgrass on grasslands and corn (grain and stover) on row 
crops; the ensuing discussion focuses on these two produc¬ 
tion scenarios as illustrative examples. We also screened 
switchgrass under a baseline that arguably minimizes the 
potential for indirect land-use change—the use of Conserva¬ 
tion Reserve Program (CRP) land-as well as on former row 
crops, the case that arguably maximizes the likelihood of 
indirect land-use change. 

The most significant scenario and data uncertainties are 
explored in further detail. When analyzing scenario uncer¬ 
tainty, data parameters are restricted to their most likely or 
mean values to compare results between scenarios and 
illustrate their relative emissions profiles. Similarly, the 
section on data uncertainty holds other variables constant 
at default values, unless otherwise noted. 


3. Results 

3.1. Dominant sources of GHGs for biomass feedstocks 

Biomass production emissions often dominate net life cycle 
GHGs (Fig. 2a). Even for residues not fully attributed with all 
farm-to-hopper GHGs, production emission are still important 
(Fig. 2c). Among the many sources contributing to total 
emissions from production, from the operation of farm 
equipment to volatilization of N 2 0 from nitrogen-based 
fertilizers, direct land-use change is generally significant 
and often dominant, as shown in Fig. 2b and d. This is due 
to the changes in carbon pools stored in the biosphere as 
above-ground biomass, root carbon, and soil organic carbon 
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(a) Switchgrass Farm-to-Hopper GHGs (b) Switchgrass Production GHGs 

by Life Cycle Stage, Years 2-5 by Source, Years 2-5 



Production Transportation Processing Farming Chemicals Chemical Direct Land 


Transport Use Change 

(c) Com Stover Farm-to-Hopper GHGs (d) Corn Stover Production GHGs 

by Life Cycle Stage, Years 2-5 by Source, Years 2-5 
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Transport Use Change 


Fig. 2 - Base case switchgrass and corn stover total farm-to-hopper annual GHG Emissions by life cycle stage and production 
source. 


(Curtright et al., 2012). Annual crops like corn generally store 
less carbon in the soil and root systems than crops with an 
extensive root system that are only replanted periodically, 
such as switchgrass. 

The left panes of Fig. 2 subdivide the annual total farm-to- 
hopper emissions of switchgrass and corn stover into 
production, transportation, and processing components; the 
right panes provide more detail on the production phase, 
showing what portion of the production emissions are 
associated with the actual farming of the land, any agro¬ 
chemicals applied as fertilizer to maximize yields, the 
transport of those agrochemicals, and direct land use change 
effects. The axes vary by feedstock. 

The CUBE model was used to screen across all life cycle 
stages and all scenario and data uncertainties for the relative 
contribution of each parameter to uncertainty in the full 


farm-to-hopper and life cycle stage emissions. Not surpris¬ 
ingly, parameters like geography that affect direct land-use 
change emissions were generally found to be drivers of total 
uncertainty in the total farm-to-hopper biomass feedstock 
emissions. 

3.2. Scenario uncertainty due to feedstock and location 

Feedstock choice has a large bearing on net farm-to-hopper 
GF1G emissions. Fig. 3 illustrates this point for com grain and 
stover and for two herbaceous energy crops, mixed-prairie 
biomass and switchgrass. While these feedstocks are handled 
and utilized similarly in energy production, they have very 
different GHG intensities. 

Note the counter-intuitive result that emissions are higher 
on a per-ton-of-biomass basis for corn stover than for corn 
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Feedstock Farm-to-Hopper GHGs, 
Years 2-5 

Feedstocks 



Fig. 3 - Base case annual total farm-to-hopper greenhouse 
gas emissions by feedstock. 


grain, even though it is treated as a residue. This is because 
removing corn stover has a strong negative impact on the 
amount of carbon that is stored in the soil (Anderson-Teixeira 
et al., 2009; Wilhelm et al., 2007); CUBE assumes only 25% of 
the stover is removed to avoid a negative impact on crop 
yields over time, but this effect is still present. As seen in 
Fig. 2d, this impact (reflected in the direct land-use change 
component) is quite significant, and since stover bears all of 
the marginal emissions that result from the choice to harvest 
it, it ends up having a higher emissions profile than corn grain. 
If corn stover is treated as a primary feedstock and allocation 
is based on the relative mass of the co-produced grain and 
stover, the burden of these marginal emissions shifts more to 
grain. Perversely, this emission source is large enough that 
treating stover as a primary feedstock results in fewer 
emissions being allocated to it than when it is treated as a 
residue; the large proportion of land use change emissions 
reallocated to the grain more than compensates for the 
additional primary emissions given to stover from other parts 
of the life cycle. 

For a given feedstock, net production emissions are highly 
dependent on two scenario choices for cultivation location: 
geographic region andbaseline ecosystem. Geographic region 
serves as a proxy for climate and soil characteristics that 
influence important factors like crop yields (Wullschleger 
et al., 2010) and soil and root carbon storage (Andress, 2002; 
Fargione et al., 2008). The prior land use that defines the 
baseline ecosystem for a given parcel of land also determines 
the initial levels of soil, root, and above-ground carbon within 
a geographic region (Andress, 2002; Curtright et al., 2012; 
Fargione et al., 2008). Location is important to model because 
it is a choice that energy producers influence when siting a 
facility and sourcing biomass, or that decision makers can 
influence when setting policies governing biomass-based 
energy production (Johnson et al., 2011). Since we are more 
interested in the policy implications of large-scale biomass 
production, we parameterize emissions based on these two 



Fig. 4 - Switchgrass and corn grain annual total farm-to- 
hopper GHG emissions by geographic region on former 
row crops. 


broad scenarios, rather than modeling soil characteristics 
and weather conditions that could be used to more precisely 
estimate the emissions associated with producing biomass 
on a particular plot of land. 

Fig. 4 illustrates the impact of geographic region on 
switchgrass and com stover emissions. The feedstocks are 
displayed on the same bars for each region to emphasize that 
in each case, switchgrass is a net carbon sink while corn 
stover is always an emitter. In the base case, switchgrass is a 
relatively large net sink on former row crop land, due to 
increased soil and root carbon storage from cultivation of 
switchgrass relative to its former use. Crop yields affect 
emissions by impacting the number of acres being farmed; 
lower yields require more land to cultivate an equal quantity. 
Assuming the same per-acre carbon storage, this amplifies 
the effect of direct land-use change by sequestering more 
carbon for the same amount of switchgrass (Davidson and 
Ackerman, 1993). In scenarios with net storage of carbon in 
the soil and root structures of the feedstock, this effect 
counteracts the direct impact of lower yields. Because direct 
land-use change dominates emissions, this produces a 
counterintuitive effect: the regions with the lowest yields, 
namely the Lake States, Northeast, and Northern Plains, have 
the highest net carbon storage potential. This result has 
interesting policy implications for the value of growing 
biomass on lower-yielding marginal cropland, but economic 
considerations may inhibit the use of less productive land in 
the absence of carbon pricing mechanisms. 

These two opposing effects lead to much greater variation 
in emissions from switchgrass production than corn grain on 
former row crop land. Corn grain is a net emitter, but 
emissions vary by up to 26% in other regions relative to the 
Cornbelt base case. Harvesting corn grain on row crops has 
negligible marginal direct land-use impact; this variation is 
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Total Farm-to-Hopper GHGs by Baseline Ecosystem, Years 2-5 



due to differences in crop yield alone. Corn yields average at 
least 20% greater in the Combelt than elsewhere in the United 
States (United States Department of Agriculture, 2011). As a 
result, farming is more efficient and less GHG-intense on a per- 
ton basis. 

For a given combination of feedstock and geographic 
region, significant scenario uncertainty still remains with 
respect to the specific baseline ecosystem. CUBE tallies the 
marginal changes in total above-ground biomass and soil and 
root carbon relative to the previous carbon stocks. Since a 
specific feedstock equilibrates to regionally specific carbon 
pool levels, the net change is determined by the combination 
of all three of the choices discussed thus far: feedstock, region, 
and baseline ecosystem (Curtright et al., 2012). 

Fig. 5 shows how emissions vary with different marginal 
direct land-use change. Unlike growing switchgrass on row 
crops, growing corn grain on former grasslands results in net 
positive GHG emissions. Here the indirect effect of lower yields 
on direct land-use change—that more land must be used— 
reinforces the direct loss of farming efficiency to produce even 
greater positive emissions. Corn stover emissions are the 
same in all cases because the base case assigns only marginal 
increases in emissions to stover; allocating emissions between 
grain and stover according to their proportional mass would 
produce variable emissions for stover. 

As noted, net emissions from com grain on existing row 
crops are relatively small. However, when grown on former 
CRP land or former grasslands, the emissions can be 
substantial and significantly different from other baseline 
ecosystem scenarios within a given geographic region. 
Because the major net change in converting forests to 
production of corn is in the above-ground biomass change, 
the emissions in years two through five following land-use 
conversion are lower than intuitively expected. In the first year 


following conversion, net emissions are nearly 40 metric tons 
C0 2 e/dry metric ton biomass. The extent to which these 
emissions should be attributed to the biomass depends on the 
fate of the cleared above-ground matter; in practice, if a forest 
is cleared but the lumber is used to produce other economic 
goods, the emissions associated with the lumber’s carbon 
content would not be assessed to the biomass feedstock. We 
assume that above-ground stocks would typically be put to 
use, so the average emissions over years two through five may 
be more useful than a skewed average that includes the above¬ 
ground penalty. To be conservative, however, we do include 
the above-ground emissions when presenting thirty-year 
average emissions figures. The choice of attributing above¬ 
ground carbon content to the first year of emissions rather 
than amortizing over a longer time horizon is a source of 
model uncertainty. The inclusion or exclusion of above¬ 
ground emissions in the first year is modeled as a scenario 
choice in CUBE. 

Direct land-use changes affect not only the magnitude but 
also the direction of net emissions, depending on baseline 
ecosystem (Fig. 4). For example, net emissions for production 
of switchgrass maybe slightly positive when not grown on row 
crop land. Because of the similarities in the carbon storage 
capacity of native grasslands and feedstocks such as switch- 
grass and mixed-prairie biomass, the marginal emissions 
associated with land-use conversion are negligible. 

3.3. Impact of direct land-use change over time 

Results thus far have focused on the average annual 
production emissions two to five years after land-use conver¬ 
sion. We also model the average annual emissions over the 
lifetime use of a parcel of land, assumed to be thirty years; this 
corresponds roughly with the expected lifetime of an energy 
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a) Total Farm-to-Hopper GHGs, b) Total Farm-to-Hopper GHGs, 
Years 2-5 Averaged Over 30 Years 



Production Region 

| Appalachian | Delta | Northeast | Southeast 

| Cornbelt | Lake States | Northern Plains | Southern Plains 


Fig. 6 - Annual total farm-to-hopper GHG emissions as a function of time. 


production facility and is often the time-frame over which 
capital investments are financed. 

After a land-use change, soil and root carbon levels 
eventually equilibrate. Virtually all carbon storage in a 
feedstock’s root structure occurs in the first decade of 
production, and two-thirds of soil carbon is stored in the first 
five years (Davidson and Ackerman, 1993; Fargione et al., 
2008), so this is the time when direct land-use change 
impacts are most pronounced. Depending on the structure of 
any future carbon credit systems, early year credits for the 
near-term impact of switching to biomass cultivation from 
other crops may influence energy industry decisions, but 
policy makers must realize that any long-term benefits 
diminish relative to the first five years. Fig. 6 compares 
average annual emissions in years 2-5 to the corresponding 
values averaged over the first 30 years of feedstock 
production. Each dot in the figure represents the GHG 
emissions for a particular combination of feedstock, geo¬ 
graphic region and baseline ecosystem, when other variables 
are set to their base case values. 

While our results have highlighted the more apparent 
short-term differences in emissions between production 


scenarios, it is important to remember that GHG emissions 
are a long-term concern. The net carbon sequestered in high- 
performing scenarios and the GHGs emitted in low-perform¬ 
ing scenarios both attenuate over time, but the relative 
preference of scenarios with respect to GHG emissions is 
mostly unchanged by shifting from a 5-year to a 30-year 
perspective. 

3.4. Impact of other scenario choices 

Beyond feedstock, geographic region, and baseline ecosystem 
choices, many other scenario decisions impact the life cycle 
emissions of bio-based energy. Their effects, however, are 
much smaller. 

Transport and processing emissions are generally much 
smaller in magnitude than production emissions. For exam¬ 
ple, the percentage of total land area used for cultivation of 
biomass affects the total area required to obtain the necessary 
amount of biomass. This in turn affects GHG emissions 
through its impact on the total number of miles of transport 
required. Other transport considerations include the type of 
transport used, whether any processing that densities the 
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biomass is done, and the degree to which storage losses or 
drying occur before transport. When the required tonnage of 
biomass is small enough to be sourced locally, transportation 
is responsible for such a small portion of the total emissions 
profile that it seems unlikely that GHG considerations alone 
would impact transportation decisions. Even if the embodied 
GHGs in transportation fuel are included in fuel costs, the 
underlying fuel and labor costs, rather than net GHG 
emissions, will set preferred transportation distances. Al¬ 
though not explored in our base case scenario, even long-haul 
transport (i.e., truck, rail, or barge) is unlikely to produce 
substantial GHG effects on a per-ton basis relative to 
production choices (Ortiz et al., 2011). 

Processing the biomass to prepare it for use at an energy 
conversion facility is also a minor component of the farm-to- 
hopper emissions in our base case scenarios. The choice to 
chop, grind, pelletize, or torrefy a feedstock will likely be 
dictated by the needs of the energy facility or the economics of 
transport (through densification). Drying can require substan¬ 
tial energy, but assuming that it can be performed using waste 
heat at the conversion facility, it has only a very small 
marginal GHG impact on the feedstock through increased 
electricity consumption to operate the dryer (Bruce and 
Sinclair, 1996). If biomass is dried without using waste heat, 
an additional 0.007-0.020 metric tons of C0 2 e are generated 
per dry ton of biomass, with the uncertainty due to variation in 
the feedstock’s moisture content, the moisture content 
required for use, and the efficiency of the dryer. This can 
represent a significant percentage of total emissions in some 
scenarios, such as production of switchgrass on grasslands 
(4.3-10.9%) or corn grain on crop land (4.3-6.5%). 

While the assumption that waste heat will be used to dry 
biomass to any final biomass specifications seems reasonable, 
it may not be possible at all facilities. Under this non-default 
assumption, other parameters become significant. For exam¬ 
ple, farm-to-hopper feedstock emissions for switchgrass 
grown on grasslands vary significantly as a function of 
feedstock moisture content (-1.0% to +1.5% compared to 
the base case), required moisture content (+5.6% to -6.7%), 
and drying efficiency (0-3.1%). Emissions in scenarios that do 
not incur direct land-use change emissions, while small in 
absolute terms, can change by as much as 67% over these 
choices. 

Other than the use of waste heat, scenario choices for 
transportation and processing do not make a substantial 
impact on net farm-to-hopper GHGs. If waste heat is available 
for final drying, transport and processing still contribute 
more than 1% to net emissions. However, changes in other 
transport and processing scenario assumptions produce 
variation of less than 1% of net feedstock emissions in 
virtually all cases. Growing switchgrass on former grasslands 
is the one exception (under the other base case assumptions) 
because direct land-use change emissions are minimized in 
this scenario. 

3.5. Impact of data uncertainty 

Relative to the above scenario choice uncertainties, most data 
uncertainties are insignificant. In selected instances, though, 
emissions for a given combination of feedstock, geographic 



Fig. 7 - Data uncertainty due to variability in switchgrass 
crop yield (left brackets) and N 2 0 release rate (right 
brackets). 


region, and baseline ecosystem are still fairly uncertain, due to 
crop yield variability or uncertainty in the release rate of N 2 0 
from nitrogen fertilizers. Both are illustrated in Fig. 7 for 
switchgrass grown on former row crops. 

The large impact of yield variability is shown in the left- 
hand brackets, representing the change in net emissions 
under the full range of crop yield assumptions superimposed 
on the scenario uncertainty of Fig. 4. Yield uncertainty impacts 
emissions primarily through its effect on direct land-use 
change. It has a much smaller impact on transportation 
emissions through differences in the collection area size; in 
this example, the change in transportation emissions from 
yield variability represents less than 0.02% of the net 
emissions. 

Yield variability is due in considerable part to the spatial 
unit of analysis being the USDA production regions. Average 
yields vary between states, counties, and individual plots of 
land, so this uncertainty could be reduced by adopting a more 
granular view of where cultivation takes place. Regional 
distributions are more appropriate for evaluations of large- 
scale programs like those encouraged by RFS2, but state or 
local governments looking to incentivize biomass production 
may wish to substitute more local data. 

The use of nitrogen-based fertilizer introduces data 
uncertainties which do not act through a larger mechanism 
like direct land-use change. Applied nitrogen is converted to 
atmospheric N 2 0 through direct processes, such as denitrifi¬ 
cation and volatilization, and indirect processes, such as 
leeching and runoff into groundwater followed by subsequent 
conversion into N 2 0. The range of N 2 0 emissions in this case 
reflects true scientific uncertainty. Representative results are 
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again shown in Fig. 7, where the right-hand brackets show 
how net emissions change under plausible variation in the 
rate of N 2 0 volatilization, which ranges from 0.311 to 6.5%, 
with a most likely value of 1.325% (Argonne National Labs, 
2008; Huo et al., 2008, 2009; Intergovernmental Panel on 
Climate Change, 2006). CUBE assumes that switchgrass is 
fertilized to optimize yields; by contrast, mixed prairie grasses 
are modeled in CUBE as a low-maintenance grassy feedstock 
that does not receive nitrogen fertilizer (and thus generally 
achieves lower yields). For switchgrass grown on row crops, 
the effect on net emissions is much smaller than the expected 
emissions changes resulting from yield variation, but it is still 
significant and larger than transportation and processing 
scenario uncertainties. 

Other feedstock-baseline ecosystem combinations show 
different relative importance of these two dominant data 
uncertainties. For example, when direct land-use change is 
minimized and net emissions are significantly smaller in 
magnitude, such as for switchgrass grown on grasslands, N 2 0 
data uncertainty can cause significant relative changes in net 
GHGs. In the Cornbelt, the range of potential N 2 0 release rates 
causes net emissions to range from -20% to +100% of those 
estimated under the “most likely” N 2 0 release rate. Feedstock 
yield variation, on the other hand, produces net emissions that 
range from +5% to -3.4% of the mean yield values. Conversely, 
mixed prairie biomass can be grown without fertilizers due to 
the presence of nitrogen-fixing species, producing no uncer¬ 
tainty of this type. 


4. Discussion 

Production GHGs dominate farm-to-hopper emissions in the 
majority of biomass scenarios considered. Accordingly, 
uncertainties from this life cycle stage also dominate 
uncertainty in the overall emissions profile. Direct land- 
use change and its corresponding uncertainty dominate 
production emissions much of the time. Choice of feed¬ 
stock, geographic region, and the baseline ecosystem drive 
results. Location is important to model and understand 
because it can be influenced by energy producer choices or 
by incentives and standards for biomass-based energy 
production. 

Uncertainty from data variability or lack of scientific 
knowledge is generally minor compared to scenario uncer¬ 
tainties but can be significant in certain scenarios where direct 
land-use change is relatively small. Key uncertainties should 
be considered when setting research priorities; a better 
understanding of the factors that influence N 2 0 volatilization 
could reduce uncertainty in certain scenarios and lead to 
better decisions about biomass production. 

The impact of direct land-use change declines over time 
and varies by the feedstock and baseline ecosystem being 
converted. Energy producers may value net negative emis¬ 
sions in the near term when making financial decisions, but 
the expected GHG intensity of the energy product over the full 
facility lifetime must be considered when assessing climate 
change impacts. 

CUBE was originally developed to estimate the GHG 
benefits that could be realized by existing coal power plants 


from co-firing biomass. In this context, converting the farm- 
to-hopper emissions results, presented here on a mass basis, 
to the full life cycle emissions, in terms of C0 2 equivalents per 
kWh or MJ, is straightforward: add the emissions from 
combustion using the carbon content of the biomass, convert 
to an energy basis using its energy content while adjusting 
according to the efficiency of the facility. The average lower 
heating values (LHV) of switchgrass, corn stover, mixed prairie 
grasses, and hybrid poplar only vary by 1-4% (Oak Ridge 
National Laboratory, 2011); carbon contents vary similarly 
(Argonne National Labs, 2008). Thus, rescaling our results to an 
energy basis should not change the significant factors driving 
uncertainty and variability in emissions, and it also should not 
change the relative preference for different production 
scenarios. 

When producing liquid fuels, additional factors come into 
play: for instance, the carbon intensity of the energy used by 
the conversion facility (often natural gas or coal), the process 
used, the energy content of the final fuel, and allocation of 
emissions among co-products. Dry- and wet-milling to 
produce ethanol from corn grain result in different co¬ 
products. Shapouri outlines four possible ways to allocate 
energy credits to them, with the resulting credit ranging from 
18 to 52% of life cycle emissions (Shapouri et al., 2002). 

Processes for converting other feedstocks to liquid fuels are 
still evolving in response to economic incentives and scientific 
innovation. The results of this paper are generalizable from 
the perspective of an individual facility sourcing different 
types of biomass for use in the same process, but comparisons 
of the life cycle emissions of different liquid fuels must take 
these extra unit processes and allocation decisions into 
account. 

While use of biobased fuels often results in lower net GHG 
emissions relative to conventional fossil fuels, the magnitude 
of this benefit varies widely depending on the circumstances. 
In a carbon-constrained world, these differences could 
influence the economic competitiveness of biomass. In a 
future with higher demand for biomass feedstocks and 
volatile GHG prices, uncertainty in emissions estimates only 
adds to the economic risk associated with producing biomass- 
based energy. 

While we have explored the most significant GHG con¬ 
tributions and uncertainties that can be easily influenced, 
this is only part of the story. Indirect land-use change—those 
land-use changes induced by the need to replace a commodi¬ 
ty displaced by the direct land-use change—can theoretically 
result in very large changes in carbon storage. These general 
equilibrium effects are difficult to quantify, but one estimate 
suggests that increasing U.S. com ethanol production by 56 
billion liters over projected levels for 2016 could nearly double 
indirect land-use emissions over 30 years (Searchinger et al., 

2008) . Some have argued that land-use changes in the United 
States cannot plausibly be correlated with land-use changes 
around the world (Kim and Dale, 2011), but others estimate 
that indirect land-use change could account for up to twice as 
many emissions as direct land-use change (Melillo et al., 

2009) . The U.S. Environmental Protection Agency also con¬ 
cludes that indirect, international land-use change would be 
a major piece of the emissions profile of ethanol production 
from corn grain under all production pathways they modeled 
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(United States Environmental Protection Agency, 2009). This 
supports concentrating biomass production in scenarios 
which plausibly minimize indirect land-use change, such 
as growing on marginal or abandoned croplands, or on 
grasslands currently unused for agriculture. To maximize 
GHG emissions reductions, any successful policy must 
properly incentivize scenarios favorable to emissions reduc¬ 
tions, or penalize scenarios resulting in emissions above the 
petroleum baseline. 

The CUBE model provides a flexible tool for exploration of 
GHG emissions associated with biomass production, but these 
other impacts are a reminder that further work is needed to 
fully evaluate the relative worth of different energy sources. 
Until then, policy makers continue to need tools like CUBE 
when designing policies intended to meet the ambitious 
targets set forth in RFS2. 
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